Abstract-This paper deals with the problem of Heating, Ventilation and Air-Conditioning (HVAC) control optimization under dynamic pricing policies. In contrast to other appliances, the HVAC system entails a more challenging problem since not only the cost should be taken into account but also the user comfort temperature. We design a mechanism that firstly estimates and predicts the temperature considering HVAC configuration and then optimizes the energy cost assuming a given electricity price policy. In addition, we present a technique that relaxes the temperature constraints with the aim of further reducing the energy consumption. The proposed solutions are validated in a real scenario where a heating system is controlled by a processing unit that monitors the temperature using wireless modules and the electricity price in a given time instant which is given by the utility.
INTRODUCTION
Heating, Ventilation and Air Conditioning (HVAC) systems are the most energy demanding appliance in home environments [1] . Due to this fact, HVAC design and control has been studied from a thermodynamic point of view (i.e. thermal isolation materials, building architecture...). To this end, current smart buildings equipped with HVAC systems present a good trade-off between electrical consumption and temperature comfort.
Nevertheless, there is a new way to improve the electrical consumption saving by means of varying dynamically the electricity price during the day. In particular, the price is modified considering the cost of generating the electrical power at a given time frame. Indeed, several smart pricing policies can be considered (e.g. time of use or critical peak pricing). Techniques where the electrical home demand is adapted considering the price variations are coined as demand side algorithms.
Electrical cost minimization under dynamic pricing policies leads to load scheduling algorithms [2] - [5] . Roughly speaking, the system decides which subset of home appliances are activated in different time slots assuming a given electricity price per time slot [6] .
Concerning the energy cost management of HVAC systems, in [7] the energy cost of HVACs is studied as a function of the parameters that control the air and water subsystems and an evolutionary programming method is proposed to save energy. However, no smart pricing policies are considered. Moreover, in [8] a dynamic threshold controls the energy consumption and it is varied depending on user satisfaction, which also depends on a thermal model. Nonetheless, [8] does not consider a dynamic pricing cost explicitly either. Finally in [9] , dynamic pricing is considered in the energy cost optimization, but the temperature of comfort is not directly incorporated in the optimization. Herein, a new demand response method for HVAC systems is proposed and is validated in a real scenario. Unlike in the previous references, both the smart pricing tariffs and the temperature of comfort are considered directly in the energy cost optimization. Namely, the room temperature is measured at different locations by a Wireless Sensor Network (WSN) which provides accurate information of users comfort at several locations. These measures are used to develop an energy scheduling policy that decides which combination of HVAC modules must be on or off to optimize the energy cost at each time slot, given a set of constraints on the temperature of comfort. The demand response methods can be applied to any HVAC modules, though for validation purposes in a real scenario we focus on heater systems whose force cannot be varied by the demand response algorithm as it happens in reality.
We first derive the optimization problem of HVAC control and it results in a boolean quadratic optimization problem which although it is not a convex one, it can be solved via an exhaustive search when the number of variables is low. In the case that a large number of HVAC modules are considered, semidefinite relaxation techniques can be applied [10] . In addition, the optimization problem needs a prediction of the future temperatures so that it is taken into consideration that the user preserves his/her comfort. Therefore, we present a simple but efficient linear temperature prediction scheme.
Furthermore, we particularly consider the case that the user relaxes his/her comfort constraints and he/she lets the system a higher degree of flexibility. Under this context, we reformulate the problem so that the user comfort is set as penalty in the objective function instead of a constraint.
The remainder of the paper is as follows. Section II formulates the heater control optimization as well as the prediction and estimation temperature algorithm. Section III shows the experimental results and a comparison with respect to the thermostat baseline system. Section IV concludes the paper.
II. DYNAMIC PRICING WITH COMFORT CONSTRAINTS

A. Energy Scheduler with Temperature Constraints
Demand side management policies implemented through smart pricing tariffs motivate users to manage their loads efficiently in order to reduce the electrical cost. The HVAC management consists of deciding which of the modules is turned on for a given time interval. It is important to remark that this assumption is very close to reality where it is difficult to completely actuate into the HVAC system apart from based on an on/off basis.
We propose a control algorithm that aims to minimize the energy cost at each time interval by switching on a given combination of HVAC appliances. These decisions are taken by respecting a set of temperature of comfort constraints. In other words, we propose an HVAC system scheduler so that it optimizes the energy cost yet preserving the user temperature restrictions. In the following, we mathematically formulate this problem.
Let K be the number of HVAC modules and let define ∈ R a matrix that contains, in its j-th column, the energy consumption of each module for the j-th combination of modules switched on/off. For instance, for 3, the matrix is:
Note that the matrix increases exponentially when the number of modules increases; however, it is just used for notation purposes and it does not incur into any increase in the complexity of the problem. Now, let introduce a vector of all zeros except in the -th position that has value 1. Then, selects the energy consumption related to the -th combination of heaters switched on, and is the energy consumption related to that combination where is a vector of ones of length 2 . Therefore, the total energy consumption per hour for a given time period, denoted by , can be expressed as,
Where is the accumulated consumption and the consumption in the current time interval decision. At this point, the energy scheduling problem with comfort constraints can be formulated as follows.
The energy consumption cost in a given time interval is denoted by C L
. We denote as the number of temperature sensors deployed in spatially separated points. Moreover, let T , and T , with 1 be the minimum and maximum temperatures that the user allows at the -th point, respectively. And let T , , T , with 1 i be the minimum and maximum predicted temperatures at the i-th sensor for a combination , respectively.
The goal is to select the optimal heater combination, * , as the one that minimizes the next optimization problem, 
, (5) Where and are the vectors containing the minimum and maximum predicted temperatures for each of the possible combinations of modules turned on, respectively. That is to say, let define T , n ; 2 n N as the predicted temperature at the n time instant at the i-th sensor for the j-th combination of modules turned on, where 1 , and 1 2 . Moreover, let T , n , and T , n , be the minimum and maximum temperatures among T , n ; 2 n N. Then, and can be expressed as follows
, ,
, … , , ,
It is clear that a model for the predicted temperatures is necessary. Intuitively, the current temperature is correlated with the past temperature and a given combination of HVAC modules turned on provokes an increment of temperature. Moreover, the temperature dynamics are rather linear at least locally, as it will be shown below. Therefore, the next model is proposed for the prediction, , ,
Where , and , model the relation with the past temperature and the increment of temperature provoked by the -th combination of heaters turned on, respectively. denotes the considered temporal horizon dimension. Observe that in this expression , and , are unknown and must be estimated from the past measures. To this end, we assume that the past measures follow a model like (8) corrupted by noise, , ,
Where n is the temporal index for past measurements.
Note that the evolution of the temperature is considered to be linear in (8) and (9) . This is a valid assumption at least for short periods, as the real measures that we will present in Section IV will highlight. For the estimation of , and , two situations are considered. In the first one, all the HVAC modules are switched off and as a consequence only , must be estimated. To this end, a Least Squares (LS) estimator is considered as no probabilistic assumptions regarding the data are needed. This estimator minimizes the least squares error criterion, though it is not optimal in general, see e.g. [11] . Given (9) the LS estimation of , , denoted by , is given by,
Where T , 1 , … , T , N 1 , # denotes the pseudoinverse,
i.e # , and T , 2 , … , T , N . The second situation is that some of the modules were switched on. In this case, a LS estimation is considered as well. Namely, let denote by γ , | ǎ , the estimation of γ , conditioned to the knowledge of a past estimation of a , , denoted by ǎ , . Then the LS estimation for γ , | ǎ , reads,
Where 1 is a vector of ones of length N 1 and z is given by the next expression, Finally, given the estimation of γ , in (11), one can update the estimation of a , , we denote this estimation by â , | γ , and using the LS yields,
B. Temperature Comfort Relaxation
Despite the above mentioned mechanism behaves properly as we will present in the experimental results section, the user temperature constraints result to be very restrictive. Indeed, it is easy to observe that the optimization problem will lead to the minimal HVAC module selection while preserving the minimal target temperature.
In order to cope with this fact and provide to the demand response system a higher degree of flexibility, we propose to reformulate the problem so that the user temperature constraints are skipped and they are incorporated as a penalty in the objective function. With this, the optimization problem becomes
where α and β are normalizing constants in order to adjust the values from the two terms. Indeed, we set their value as
Where is the cost for all the heaters turned on. The term T , is the ideal temperature that the user would like to remain. Clearly, our reformulation balances the two optimization problems (i.e. energy cost minimization and user comfort maximization). Note that that the user comfort is defined as an Euclidean norm but it can eventually be redefined with another distance measurement.
Finally, θ whose value can be varied from 0 to 1 is a parameter to be defined by the user and its purpose is to define the preferences. For example, the extreme case where θ 0 then the demand response algorithm will not consider any price and it will directly control the heaters so that the utopia temperature is reached. On the contrary, when θ 1 the heater will remain turned off always. Under this context, the user must decide the θ value according to his/her preferences and experience.
III. EXPERIMENTAL RESULTS
The proposed solutions have been evaluated in a real scenario using WSN nodes equipped with integrated temperature sensors, electrical actuators and conventional heaters. The WSN motes are IEEE802.15.4 compliant, operate at 2.4GHz with a data rate of 250Kbps and support Contiki Operative System. A control center PC aims to calculate the optimal heater selection solution both to estimate and predict the temperature. We show that our proposal reduces the electrical cost with respect to a normal thermostat.
For comparison purposes, first a simple thermostat system is implemented and evaluated. In this case, if the temperature is above a T temperature all the heaters are switched off and, while if the average temperature is below a T temperature they are switched on. The aim is to maintain the average temperature of the room between certain margins. To test the thermostat algorithm, 3 domestic heaters are distributed around a isolated room. In the center of it, two source motes are monitoring the temperature and sending it to a sink mote every 30 seconds during several hours. Samples from each source mote are stored in a buffer at the control center to a maximum of 10. Once this number is reached, which corresponds to a period of 5 minutes of measurements, the average temperature is calculated and depending on it the system acts on the heaters or not. Fig. 1 shows the outcome of an experiment that pretends to study the temperature induced by the thermostat in the room. In this case, T corresponds to 21ºC and T to 23ºC. As it can be seen in the figure, during 16 hours of measurements the thermostat algorithm is able to maintain the temperature between the desired margins. Note that the solid line corresponds to the state of the domestic heaters during the experiment, i.e. 24ºC means that the heaters are switched on and 20ºC means the opposite. This system works properly, but the problem is that it is too expensive as three heaters work simultaneously with a consumption of 2000 W each one. 
A. Experimental Evaluation based on (2)
Several real experiments have been carried out for the energy scheduler with comfort constraints proposed in (2). The experiment setup is similar to the one previously described for the thermostat. The parameters for the pricing function in (3) are 0 and 0,003 , which are possible values according to [2] . The temperature bounds in (2) are set as follows, T , T , 21º and T , T , 23º . The number of heaters in the room is 3. In Fig. 2 the results of the experiment are shown. Both the real measured temperature and the estimated temperature using (9)-(12) are measured. It has to be noted that the error between the estimated and the real temperature is very small. Therefore the model and the proposed estimators are a bona fide approximation of the real temperature. Another important observation is that the temperature varies between the desired range of 21ºC and 23ºC except in very few points due to prediction errors.
It can been also seen that the temperature is closer to the lower part of the allowable range of temperatures, i.e. to 21ºC. This is because the proposed method seeks a heater combination that minimizes the energy cost and attains a temperature between 21ºC and 23ºC. Indeed, compared to the temperature that attains the thermostat, see Fig. 1 , the proposed method maintains the temperature more stable and in the lower part of the allowable region. This intuitively leads to a higher cost, as Fig. 3 highlights. Namely, in Fig. 3 , the proposed energy scheduler with temperature constraints in (2) is compared to the thermostat described above. It can be observed that the proposed energy scheduler leads to lower energy cost. Indeed the extrapolation to 1 month leads to save 7.19 euros. 
B. Experimental Evaluation based on (13)
A set of experiments have been carried out for the second proposed energy scheduler in (13), i.e. the one that relaxes the temperature constraints by including the constraints as a penalized term in the objective function. The aim of this method is to be more flexible with respect to real time pricing tariffs. That is to say, the energy scheduler in (2) seeks a combination that minimizes the energy cost but respecting the minimum allowable temperature. As a consequence it may happen that the energy cost changes but the heater combination selected by the energy scheduler remains the same, due to the temperature constraint. The idea of the other proposed energy scheduler is to relax the temperature constraint. That is, the user may prefer to reduce further its energy consumption at the cost of being outside the range of temperature of comfort. To observe this behavior an experiment with the same conditions as before has been carried out, the only difference is that in the pricing function in (3) 0,9 for the first 30 minutes, then changes to 0,3 for the next 30 minutes and follows this behavior periodically. Moreover, the utopia temperature , is set to 22ºC. Two experiments have been carried out, in the first one 0.2, which corresponds to a user very concerned with achieving the utopia temperature and gives less importance to the energy cost. It can be seen in Fig. 4 that the achieved temperature is very close to the utopia temperature , . In the second one 0.5, which reflects a user that permits a relaxation of the distance between the real and the utopia temperature to reduce the energy cost. That is one permits the energy scheduler to adapt to the pricing tariff. This implies consuming more energy when the energy cost is smaller, which leads to a temperature closer to , and consuming less energy when the energy cost is higher, though sacrificing a higher error between the real and utopia temperature. The results of this experiment are shown in Fig. 5 . It can be seen that the temperature is close to , between the samples 60 and 120, that is when the energy cost is cheaper. 
IV. CONCLUSIONS
In this paper, the problem of demand side management of a set of HVAC modules, in the context of smart pricing tariffs, has been dealt with. To this end, a real testbed consisting of heaters, WSN nodes that measure the temperature and a control center has been developed. First, we devise an energy scheduler that optimizes the energy cost for a given time horizon periodically, and that fulfills a set of temperature constraints. This algorithm, first estimates the parameters of a proposed temperature prediction model, then predicts the temperature of each combination of heaters turned on and finally decides the combination that optimizes the energy cost and fulfills the constraint of temperature. Then, another energy scheduler is proposed. In order to deliver a higher degree of flexibility to the mechanism, we relax the temperature constraints so that the user can reconfigure his/her preferences with the respect to the energy saving. Experimental evaluations have been carried out in an isolated room and they have validated our proposals.
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